This paper introduces a framework that directly quanti…es information spillovers between …nancial markets. Information spillovers occur when market speci…c information, de…ned as information that directly a¤ects the return or volatility in one market only, indirectly a¤ects returns or volatility in other markets through some channel(s) of transmission. By using market speci…c order ‡ow as a measure of market speci…c information, we estimate the spillover e¤ects from the stock market to the bond market and vice versa.
Introduction
Market speci…c information is de…ned as information that directly a¤ects returns in one market only. Sometimes, however, market speci…c information indirectly a¤ect returns and volatility in other markets. Falling prices in the U.S. housing market in 2006 are an example of this. This information was relevant for returns in the market for mortgage backed bonds, but turned out to a¤ect …nancial markets worldwide. This indirect e¤ect of market speci…c information is often referred to as cross market spillover or contagion.
There is no consensus on the exact de…nition of spillovers and contagion in the literature.
We follow Fleming, Kirby and Ostdiek (1998) and de…ne spillovers as changes in returns or volatility in one market due to a transmission of market speci…c information from another market. In accordance with Allen and Gale (2000) we de…ne contagion as strong spillover e¤ects related to crisis periods. Market speci…c information spills over to other markets through di¤erent transmission mechanisms, often referred to as channels of transmission.
Three possible channels of transmission will be considered in this paper; rebalancing, cross market hedging and ‡ight-to-quality. We examine the extent of spillovers under di¤erent market conditions and relate our results to these three channels.
A better understanding of how and when spillovers occur is important as spillovers can contribute to signi…cant comovements between assets and thus result in unexpected increases in portfolio risk. This can result in …nancial losses and stricter …nancing conditions for investors which in turn can lead to less investment, lower growth, and higher unemployment in the economy. However, empirically it is di¢ cult to measure the e¤ects of cross market spillovers. Many studies, for example Forbes and Rigobon (2002) , de…ne and measure spillovers indirectly as a signi…cant increase in the level of correlation between markets. One problem related to the use of correlations is that both common information and spillovers of market speci…c information will in ‡uence the level of correlation. Since information ‡ows are unobservable, the relative contribution of common information and the spillover of market speci…c information to changes in correlations is indiscernible. Bekaert, Harvey and Ng (2005) seek to eliminate the e¤ect of common information by using a factor model re ‡ecting economic fundamentals and measure spillovers as correlations in the model residuals. However, as there is no agreement in the literature on which factors represent common information, there is a possibility that this indirect approach also can include some e¤ects of common information. This paper has two main contributions. First, it proposes an approach to measure spillover e¤ects that overcomes the problems related to the use of correlations. We use market speci…c order ‡ow as a measure of market speci…c information to capture spillovers in returns and volatility directly. We are thus able to isolate the e¤ects of spillovers from the e¤ects of common information. According to market microstructure theory order ‡ow contains private information that can include heterogeneous interpretations of macroeconomic fundamentals as well as non-fundamental information held by market participants.
To make sure we remove any private information that is common across markets we orthogonalize the order ‡ow in each market and label this market speci…c order ‡ow. This implies that heterogeneous interpretations of market speci…c public information is included in our measure. Second, our paper contributes by applying a dynamic framework to examine whether spillovers are stronger in periods of high volatility. Spillover e¤ects are often associated with periods of uncertainty and …nancial crises. By using a regime-switching model we are able to compare the extent of spillovers in periods of high volatility with periods of normal volatility. We apply the proposed framework to the Norwegian stock and government bond markets and employ a data set covering all trades in Norwegian stocks and government bonds during the period September 1999 to March 2005. The bond market is divided into three di¤erent maturity segments for short, medium and long term bonds.
We de…ne spillover e¤ects in returns as positive when market speci…c order ‡ow that leads to higher (lower) returns in the originating market also leads to higher (lower) returns in the other market. Spillover e¤ects are negative when market speci…c order ‡ow has opposite e¤ects in the originating market and the a¤ected market. Our results show that there are signi…cant spillover e¤ects across the stock and bond markets. We …nd negative spillover e¤ects from the bond market to stock returns when stock market volatility is high. We also …nd that there are negative spillover e¤ects from the stock market to bond returns when bond market volatility is normal and that periods of normal volatility in the bond market correspond to periods of high volatility in the stock market. Our results thus indicate that spillover e¤ects are related to periods characterized by high risk in the stock market. Our …ndings further indicate that while there are some spillover e¤ects to volatility, these are of less signi…cance than spillovers to returns in both markets.
Our results are consistent with ‡ight-to-quality and portfolio rebalancing as channels of transmission. Flight-to-quality occurs when stock market uncertainty is high and refers to episodes when investors sell assets perceived as risky and buy the safest and most liquid assets, such as government bonds, instead. Episodes of ‡ight-to-quality are often related to …nancial crises and imply negative spillover e¤ects in returns across the stock and bond markets. Portfolio rebalancing refers to a change in the composition of a portfolio, for example to alter portfolio risk, and involves a purchase of one asset and a sale of another asset. If an investor becomes more risk averse and wants to reduce portfolio risk, she can sell stocks and buy bonds to increase the portfolio share in bonds. If she wants to increase the expected return of her portfolio she will do the opposite transaction. Thus, portfolio rebalancing also implies negative spillover e¤ects in returns. The third channel of transmission we consider is cross market hedging, which refers to the purchase or sale of an asset in order to "insure" a position in another asset. Our results are not consistent with this channel. Stock and bond returns are negatively correlated in our sample period, and using bonds to hedge a stock position then implies positive spillover e¤ects in returns.
Our results imply that the correlation between stock and bond returns becomes more negative when switching from the normal volatility regime to the high volatility regime in the stock market. By employing the dynamic conditional correlation (DCC) framework of Engle (2002) we document that the time varying correlation between returns on stocks and long bonds and stocks and medium term bonds become more negative when the volatility in the stock market switches from the normal to the high volatility regime. This is in line with the results of previous studies using changes in the level of correlation as a measure of spillover e¤ects.
The paper is organized as follows: Section 2 discusses related literature, section 3 presents the framework for measuring cross-market spillovers, section 4 describes the data set and section 5 presents and discusses the results. Section 6 concludes.
Related literature
Our study is related to two …elds of research. First, it is related to the literature on …nancial market linkages, including the literature on …nancial contagion. Second, it is related to the market microstructure literature focusing on the role of order ‡ow as an information aggregator. From the …rst …eld our paper is related to several studies. Connolly, Stivers and Sun (2005) investigate the sources of the time varying correlation between stocks and bonds by examining whether the stock-bond return relation varies with two measures of stock market uncertainty suggested by the literature, namely the VIX index and abnormal stock turnover. They conclude that stock market uncertainty may generate important cross-market pricing in ‡uences, suggesting that stock market speci…c information could spill over to bond returns. Our study di¤ers from theirs by directly quantifying the spillover e¤ects. We also include spillovers from the bond market to the stock market and measure the spillover e¤ects in both returns and volatility.
Forbes and Rigobon (2002) ask whether contagion can explain highly correlated stock market movements. They …nd no evidence of contagion during di¤erent periods of crises.
Bekaert, Harvey and Ng (2005) examine changes in correlations in stock market returns between countries and investigate whether there has been episodes of contagion. They use a factor model re ‡ecting economic fundamentals and measure contagion as the correlations in the model residuals. Our framework di¤ers from these studies in a fundamental way because we do not examine the indirect measure of correlations, but quantify the informational spillover e¤ects directly by using market speci…c order ‡ow as a proxy for market speci…c information. Our approach captures the e¤ects of market speci…c information in one market on returns and volatility in the other market by adding market speci…c order ‡ow as an explanatory variable in regime-switching models.
As market speci…c information indirectly spills over to other markets, the literature is concerned with how this actually happens. A number of studies have investigated possible transmission mechanisms linking markets together. These mechanisms are often referred to as channels of transmission or channels of contagion. Pritsker (2001) and Longsta¤ (2010) provide a description of the main channels. Kodres and Pritsker (2002) focus on the channel of cross market rebalancing. Rebalancing refers to a change in the composition of a portfolio and involves a purchase of one asset and a sale of another asset. Rebalancing occurs when new information a¤ecting returns in one market makes an investor want to change portfolio holdings in that market. This change can lead to a change in portfolio holdings in other markets also even though there was no new information about these markets. Underwood (2009) …nds evidence of cross market hedging as a channel of transmission. Hedging is undertaken to "insure" a position in an asset and involves the purchase or sale of a position in another asset which has a positive return when the insured position has a negative return and vice versa. If the correlation between the two assets is positive, and the investor has a long position in the asset to be hedged, the hedge will be established as a short position. If the correlation between the two assets is negative, and the investor has a long position in the asset to be hedged, the hedge will be established as a long position. Connolly, Stivers and Sun (2005) explore whether ‡ight-to-quality can be a channel of transmission. Flight-to-quality occurs when market uncertainty is very high and refers to episodes when investors sell assets perceived as risky and buy the safest and most liquid assets instead. Examples of safe and liquid assets are short term government bonds. Episodes of ‡ight-to-quality are often related to …nancial crises initiated by negative information in a high risk market. Our paper is related to these studies as we investigate whether our results are consistent with rebalancing, hedging or ‡ight-to-quality as channels of transmission.
From the second …eld, the market microstructure literature, our paper is related to studies on the information content of order ‡ow. A large number of studies document that order ‡ow contains information about contemporaneous asset prices. Hasbrouck (1991) provides evidence that stock market order ‡ow in ‡uences stock returns, Evans and Lyons (2002) document that currency market order ‡ow has a strong e¤ect on exchange rates and Brandt and Kavajecz (2004) show that Treasury market order ‡ow explain bond yields.
More recent studies show that order ‡ow also contains information about future asset prices and future economic fundamentals. Evans and Lyons (2005) and Valseth (2011) show that order ‡ow has out-of-sample predictive power for exchange rates and government bond yield changes, respectively. Evans and Lyons (2009) …nd that order ‡ow in the foreign exchange market predicts future macro variables such as GDP growth and in ‡ation.
Beber, Brandt and Kavajecz (2010) provide evidence that stock market order ‡ow predicts economic fundamentals measured by the Chicago Fed National Activity Index. In all, these studies support a fundamental view in the market microstructure literature, namely that order ‡ow contains private information about asset prices. This is important because while information ‡ows are unobservable, order ‡ows are observable. By using market speci…c order ‡ow as a direct measure of market speci…c information we overcome the problem connected to the use of the indirect measure, correlation, which is that common information and spillover e¤ects are indistinguishable as drivers of correlation. information spillover and common information. Our study di¤ers from Underwood (2009) in that we focus on spillovers only and investigate the e¤ects on both returns and volatility.
3 Framework for measuring cross market spillovers
Market speci…c order ‡ow
We use market speci…c order ‡ow as a proxy for market speci…c information. It is important that our proxy re ‡ects market speci…c information only as this information should be independent from information that has a direct impact on the other market also. Our proxy for stock market speci…c information is therefore stock market speci…c order ‡ow which is de…ned as the part of the stock market order ‡ow that is orthogonal to the short, medium and long term order ‡ow in the bond market. Common information that a¤ects returns in both the stock market and the bond market is thus by construction removed from our proxy. Bond market speci…c information is de…ned by three variables; short term bond market speci…c order ‡ow, medium term bond market speci…c order ‡ow and long term bond market speci…c order ‡ow. This is useful because returns on bonds with a long time to maturity could be determined by di¤erent factors than returns on bonds with shorter time to maturity. Investors could also specialize in di¤erent maturity bonds and spillover e¤ects could therefore vary according to bond duration.
In order to identify the market speci…c part of stock market order ‡ow, we orthogonalize stock market order ‡ow by running the following regression : In order to identify the market speci…c part of the three segments of bond market order ‡ow, we orthogonalize short, medium and long term bond market order ‡ow by running the following regressions
where " t , @ t and t are the bond market speci…c parts of the bond market order ‡ows and thus a measure of short, medium and long term bond market speci…c information.
We label the market speci…c order ‡ow of the three segments OF 
Informational spillover models
We use regime-switching models based on Gray (1996) to measure the degree of informational spillovers across di¤erent volatility regimes. Since we are investigating possible cross market spillovers in both returns and return volatilities at the same time, we consider two models that allow for changes in volatility. First, we estimate a constant variance regimeswitching model which allows for di¤erent levels of volatility in each regime. Second, we estimate a regime-switching GARCH model which allows the levels of volatility in each regime to vary according to GARCH(1,1) processes. In the GARCH(1,1) model we include the market speci…c order ‡ows as regressors in both the conditional mean and variance equations.
We start by describing a conventional GARCH(1,1) model modi…ed to include spillovers. 
and
where (5) are daily bond market speci…c order ‡ows as de…ned in the previous section.
Equation (6) is the conditional stock market variance modi…ed to include the market speci…c order ‡ows as regressors.
Accordingly, the equations in the GARCH(1,1) model for spillovers from the stock market to the di¤erent bond market segments, j, are
where (7) is the mean equation with r bj;t as the daily market returns for the di¤erent bond segments, j = s; m and l, and OF
S;M S t
represents the stock market speci…c order ‡ow as de…ned in the previous section. Equation (8) is the conditional bond market variance modi…ed to include OF S;M S t as a regressor.
These models are single regime models in the sense that they assume a single structure for the conditional mean and variance. The structural form of the conditional mean and variance equations, including the spillover coe¢ cients, are assumed …xed and linear throughout the entire sample period. Hence, this model has the implicit assumption that any spillover e¤ects are constant throughout the entire sample period. However, return correlations exhibit a great deal of time variation as we will show in the results section.
This time variation could be in ‡uenced by varying degrees of informational spillovers between the two markets. We therefore check whether the degree of informational spillover is di¤erent across volatility regimes, and in particular whether informational spillovers are more pronounced when return volatility is high. Since spillover e¤ects imply changes in returns and volatility, we expect spillovers to occur in a market when the volatility in this market is high. Also, ‡ight-to-quality is related to periods of high risk in the stock markets and we expect spillovers through this channel to occur when stock market volatility is high.
Prior research such as Clark (1973) , Ross (1989) and Andersen (1996) argue that the level of information ‡ows into a market is directly related to its level of return volatility.
Also, following the works of Cai (1994) and Hamilton and Susmel (1994) several studies have supported the view that asset prices could be characterized by two regimes: a normal volatility regime and a high volatility regime. Shalen (1993) and Harris and Raviv (1993) provide theoretical arguments suggesting that high volatility periods are characterized by a dispersion of beliefs about asset values among investors. This dispersion may be due to asymmetric information or to heterogenous interpretations of symmetric information.
In addition to provide an explanation for increased volatility, the level of disagreement among investors could impact the role of order ‡ow as an information aggregator. Order ‡ow would be more informative when dispersion is large as it contains private information re ‡ecting heterogenous interpretations of public news. If this is the case one should see a larger impact of order ‡ow on returns in periods of high volatility. 1 A larger impact on returns in the initiating market will provide a larger incentive for investors to change portfolio weights by rebalancing their portfolios. More rebalancing by investors would result in larger spillover e¤ects .
Thus, if order ‡ow carries more information in times of high volatility we would expect that the extent of informational spillovers is larger in high volatility regimes than in normal volatility regimes. We therefore want to relax the imposed linearity of the spillover e¤ects of the single regime speci…cations above and let the coe¢ cients of the above models be di¤erent in di¤erent volatility regimes if such exist. The regimes are never observed, 1 Pasquariello and Vega (2007) observe this in the U.S. Treasury bond market.
but probabilistic statements will be made about their relative likelihood of occurring, conditional on an information set. This is done according to an endogenous classi…cation rule based on a Markov switching model. We follow the methodology developed by Gray (1996) which builds on Cai (1994), Hamilton (1994) , and Hamilton and Susmel (1994) .
First, we investigate if regime-switching alone could account for the observed conditional heteroscedasticity in the bond and stock markets. This is done by estimating a constant variance …rst-order Markov regime-switching model with two regimes. In this model, assuming conditional normality for each regime, the stock returns, r si;t ; and bond returns, r bji;t , are distributed as
respectively in regime i where i = 1; 2. Hence, the variance is constant in each regime.
We refer to this model as the constant variance regime-switching model. Any conditional heteroscedasticity can only be driven by switches between regimes.
We then relax the assumption of constant variances within each regime, allowing the conditional variances to be GARCH(1,1) processes. We follow Gray (1996) and assume conditional normality for each regime. The variance of the return series at time t is then given by
where k;it is the conditional mean for market k , k=S (stocks), BL (long term bonds), BM (medium term bonds), BS (short term bonds), in regime 1 and 2 respectively and k;t represents the information set available in market k at time t. The state probability p k;1t
gives the probability that market k is in regime 1 at time t and is de…ned as
where p k;1t = Pr(S k;t = 1j k;t );
S k;t is the latent regime indicator while P k;t and Q k;t are probabilities of remaining in regime 1 and regime 2, respectively. The transition probabilities are time varying and dependent on the level of the explanatory variables in the conditional mean equations in the stock and bond market segments. 1 and 2 are matrices of unknown parameters to be estimated and ( ) is the cumulative normal distribution function that guarantees 0 < P k;t ; Q k;t < 1. The terms in the square brackets in (12) represents Pr[S k;t 1 = 2j k;t 1 ]
and Pr[S k;t 1 = 1j k;t 1 ], respectively. Now h k;t , which is path-independent, can be used as the lagged conditional variance in constructing h k;1t+1 and h k;2t+1 which follow GARCH(1,1) processes. Thus we have
We refer to this model as the regime-switching GARCH model.
The regime-switching models for the stock market quantify any spillover e¤ects from the bond market to stock returns when stock market volatility is high and when it is normal. The models for the bond market segments quantify any spillover e¤ects from the stock market to bond returns when bond market volatility is high and when it is normal.
The two regimes in our models thus capture the periods of high and normal volatility in the market where the spillover e¤ects can occur, but not in the market where the spillover e¤ects can be initiated. However, in some cases we would be interested in the volatility conditions in the market initiating the spillover e¤ects also. For example, if stock market speci…c information leads to large changes in stock market returns, investors would be more prone to change their portfolio weight in stocks than otherwise. This implies that spillover e¤ects from the stock market to bond returns would be more likely when the stock market is in the high volatility regime. Also, if there is ‡ight-to-quality, high uncertainty in the stock market will initiate sales of risky stocks and purchases of safer assets such as government bonds. To identify whether ‡ight-to-quality causes spillover e¤ects we are interested in knowing whether spillover e¤ects from stocks to bonds occur when stock market volatility is high.
Our regime-switching models will identify whether spillover e¤ects from the stock market to bond returns occur in the high volatility or normal volatility regime in the bond market, but not whether they occur during the high volatility or normal volatility regime in the stock market. In order to investigate whether spillover e¤ects from stocks to bonds occur when volatility in the stock market is high we estimate the following regression model:
where OF S;M S t P s;t and OF S;M S t Q s;t are interaction terms capturing the probability weighted spillover e¤ects from the stock market to the bond segments. P s;t and Q s;t are the time-varying probabilities that the stock market is in a high volatility regime and a normal volatility regime respectively.
Testable predictions
We investigate whether spillovers occur across stock and bond markets, and whether they are consistent with portfolio rebalancing, hedging or ‡ight-to-quality as possible channels of transmission. We can test whether spillover e¤ects from the stock market to the bond market occur by estimating the e¤ects of stock market speci…c order ‡ow on bond returns and bond volatility. Similarly we can test whether spillover e¤ects from the bond market to the stock market occur by estimating the e¤ects of bond market speci…c order ‡ows on stock returns and stock volatility.
The sign of the spillover e¤ects will indicate which channel of transmission would be most likely. Rebalancing is consistent with negative spillover e¤ects in returns as it involves a purchase of one asset and a sale of another asset. Hedging is consistent with positive spillover e¤ects in returns if the hedging portfolio is established in a negatively correlated market. Hedging is consistent with negative spillover e¤ects in returns if the hedging portfolio is established in a positively correlated market. Flight-to-quality as a channel of transmission is consistent with negative spillover e¤ects from the stock market to bond returns when stock market volatility is high. We test for this by estimating whether spillovers from the stock market to bond returns depend on the regime probabilities in the stock market. The signs of any spillover e¤ects to volatility are not clear for the transmission channels we discuss.
Positive spillover e¤ects in returns contribute to positive correlation and negative spillover e¤ects contribute to negative correlation between the two markets. According to this we expect any spillover e¤ects to be positively related to the absolute level of return correlations. Also, Fleming, Kirby and Ostdiek (1998) argue that information spillovers should be strongest when hedging incentives are high which are in periods with a high absolute level of correlation. In order to check this we estimate the time varying return correlations between the stock market and the di¤erent bond market segments and compare the level of correlation to the probability for the stock market to be in the high volatility regime. The time varying return correlations are estimated using the dynamic conditional correlation (DCC) estimator of Engle (2002) . The appendix explains how the DCC estimator is set up.
Data
We use data from the Norwegian stock and government bond markets for the years 1999 to identify the initiating dealer. 3 We construct daily order ‡ow series in stocks and bonds from the signed transactions data. Bond market order ‡ow consists of three maturity groups. Short-term order ‡ow is based on trades in bonds with a remaining time to 2 Equvialent to a value of USD 207 billion. The USDNOK exchange rate was 6.77 at the end of 2005. 3 According to this method, trades executed at a price above the middle of the bid-ask spread are classi…ed as buyer-initiated trades. Trades executed at a price below the middle of the prevailing bid-ask spread are classi…ed as seller-initiated trades. When trades are executed at the mid price, the tick rule is used. According to this rule the direction of change from the last transaction price determines whether the trade is classi…ed as seller-initiated or buyer-initiated. maturity from 1 year to 4 years, medium term order ‡ow is based on trades in bonds with a remaining time to maturity greater than 4 years up to 7 years and long-term order ‡ow is based on trades in bonds with a remaining time to maturity greater than 7 years up to 11 years. Daily order ‡ow is the number of buyer-initiated trades minus the number of seller-initiated trades during a day and re ‡ects the net buying pressure in the market.
We use a stock market index including all stocks at the OSE and three bond total return indices to compute daily stock and bond returns. The indices are published by the OSE and the bond indices re ‡ect the returns on government bonds with a constant duration of …ve years, three years and one year. The indices are constructed on the basis of the outstanding benchmark bonds, which are normally four to six bonds. 4 Summary statistics for the return and order ‡ow data are presented in Table 1 
Results
We investigate whether there are spillover e¤ects across the stock market and the bond market and if so, whether they vary across volatility regimes. We do this by estimating the models presented in section 3.2. The results of these models are reported and discussed below.
Constant variance models
We …rst estimate the constant variance regime-switching model and compare it with a standard single regime constant variance model. This will provide us with valuable insights into the characteristics of the two regimes and how spillover e¤ects vary with the regimes.
In addition, it will provide evidence on whether regime-switches can explain the ARCH e¤ects found in stock and bond returns.
Panel A of Table 2 Finally, Panel D of Table 2 shows the results for long bonds. Also for long bonds the coe¢ cient measuring the spillover from the stock market, a 31 , is negative and signi…cant in the single regime model. In the regime-switching model the coe¢ cient is only signi…cant in the normal volatility regime, and the value is higher than in the single regime model.
Average daily long bond returns are positive and more than 2 times higher in regime 1 than in regime 2. The volatility in regime 1 for long term bonds is 2.3 times higher than the volatility in regime 2. In all three panels the ARCH test statistic is substantially lower in the regime-switching model than in the single regime model. This indicates that the regime-switching model is more adequate for all three bond segments.
The results from the regime-switching model for the short, medium and long term bond segments indicate that regime 1 is a high volatility high return regime in the bond market.
Regime 2 is a normal volatility regime. The spillover coe¢ cient from the stock market in the high volatility regime, a 31 , is not signi…cant for any of the bond segments while the coe¢ cient in the normal volatility regime, a 32 , is highly signi…cant and negative for all three segments. This implies that there are negative spillover e¤ects from the stock market to the bond market only in 'normal times'which is opposite of what we …nd for the stock market, where there are spillover e¤ects in the high volatility regime only. An explanation for this asymmetry between the stock and bond markets could be that spillovers from the stock market to the bond market are mainly related to the volatility regime in the stock market. If normal volatility regimes in the bond market coincides with periods of heightened volatility in the stock market it could explain the results in Table 2 .
Figures 5 to 7 plot the probability that the stock market is in a high volatility regime against the probabilities that the di¤erent bond segments are in a high volatility regime. Figure 5 shows the probability that stocks and long term bonds will be in the high volatility regime and we see that the probabilities often are high at di¤erent times. This is more pronounced in Figure 6 which includes stocks and medium term bonds. It appears that when medium term bonds are in the high volatility regime the stock market is in a normal volatility regime and vice versa. Figure 7 , including stocks and short term bonds, also
shows that the high volatility regimes are not identical in the two markets. The …gures thus con…rm that the di¤erent bond segments frequently are in a normal volatility regime when the stock market is in a high volatility regime.
The results in Table 2 are based on a regime-switching model where the regimes re ‡ect the volatility level in the market "receiving" the spillover e¤ect. This model cannot address the question of whether spillover e¤ects from stocks to bonds occur when volatility in the stock market is high. In order to investigate this question we therefore employ the regression model presented in equation (14) . The results from this model are presented in Table 3 . The …rst column reports the results for the long term bond segment. The coe¢ cients for lagged returns and long term bond market order ‡ow are positive and signi…cant. The coe¢ cients for the interaction terms capturing the probability weighted spillover e¤ects from the stock market to long bonds, OF S;M S t P s;t and OF S;M S t Q s;t , are both negative and signi…cant. The economic importance is much higher for the …rst term which indicates spillovers when the stock market is in the high volatility regime. The second column reports the results for the medium term bond segment. The coe¢ cients for lagged returns and medium term bond market order ‡ow are positive and signi…cant.
However, only the interaction term capturing the probability that the stock market is in the high volatility regime is signi…cant. This implies that there is a negative spillover e¤ect from the stock market only when the stock market is in a high volatility regime. The third column reports the results for the short term bond segment. Here, the coe¢ cients for lagged returns and own order ‡ow are also positive and signi…cant, but only the coe¢ cient for the interaction terms capturing the probability that the stock market is in the normal volatility regime is signi…cant. Thus there are only negative spillover e¤ects from the stock market to short bonds when the stock market is in a normal volatility regime. The explanatory power measured by R 2 is signi…cantly higher for the long and medium term bonds models than for the short term bond model. The results in Table 3 document that there are negative spillover e¤ects from stocks to medium and long term bonds when stock market volatility is high. 5 This …nding is consistent with ‡ight-to-quality as a channel of transmission.
Another explanation for spillovers from stock to bonds in normal times only is that the normal volatility regime appears to be relatively much more persistent than the high volatility regime. Periods with high volatility only have an average duration between 1 and 6 days in the bond market. This can be due to the fact that we in this speci…cation have forced the conditional variance into just two levels and thereby making the conditional variance mimic the regime probabilities. The regime-switching GARCH model in the next section overcomes this limitation with a richer parameterization of the conditional variance within each regime.
We construct a likelihood ratio test (LRT) to investigate whether the constant variance regime-switching model or a GARCH(1,1) regime-switching model is the most suitable model for each market. We then compare the signi…cance of the regime switching GARCH model relative to the constant variance regime switching model. We …nd that the constant variance regime-switching model is most adequate for the three bond market segments, while the GARCH model is clearly best for the stock market.
GARCH models
We now drop the assumption of constant variances within each regime and allow the conditional variances to be GARCH(1,1) processes. The conditional variance equations will also contain market speci…c order ‡ow variables as additional regressors. Table 4 reports the results for the stock market. The …rst column gives the parameter estimates of a conventional single regime GARCH (1,1) and b 42 , are both signi…cantly negative. This means that when the stock market is in a normal volatility regime, positive news in these bond segments will typically dampen the conditional volatility in the stock market. Negative news in these bond segments will correspondingly increase the conditional volatility in the stock market.
By allowing for a time varying variance within each regime the conditional variance estimates are no longer forced to mimic the regime probabilities. Hence, the estimates of the transition probabilities P and Q should be more realistic if the GARCH speci…cation is more adequate. The LRT statistic, which is distributed 2 (10) under the null, is 60.58. This is signi…cant at any standard level, indicating that GARCH e¤ects within each regime is an important feature of the stock market. 6 The regimes now appear to be more persistent than was the case with the constant variance regime-switching model. The high volatility regime in the stock market now has an average duration of 1=(1 P ) = 21:60 days while the normal volatility regime has an average duration of 1=(1 Q) = 41:50 days.
Discussion
Our results based on the regime-switching models document that there are signi…cant negative spillover e¤ects in returns across the stock and bond markets. In the stock market these spillovers occur in the high volatility regime and in the bond market segments they occur in the normal volatility regime. By comparing the time varying probabilities of being in the high volatility regime we …nd that the normal volatility regime in the bond market frequently coincides with high volatility regimes in the stock market. These …ndings indicate that spillover e¤ects from the stock market to bond market returns occur when the stock market is in a high volatility regime. This is con…rmed by the results from the regression model which separates spillovers from stocks to bonds according to the volatility regime in the stock market. They show that spillover e¤ects from the stock market to medium and long term bond market returns are negative and signi…cantly stronger when the stock market is in a high volatility regime than in a normal volatility regime. This is consistent with ‡ight-to-quality as a channel of transmission. Episodes of ‡ight-to-quality occur when the uncertainty in the stock market is very high. Risk averse 6 It should be noted that the likelihood ratio test here is only indicative. This is because the parameters associated with the second regime is not identi…ed under the null of a single regime. The LRT statistic can therefore only be assumed to be 2 distributed under the null. Hansen (1992) has developed a standardized LRT procedure that overcomes this di¢ culty. This procedure is however extremely troublesome unless the model is very simple. In our situation this procedure is practically infeasible. In practice, we are therefore judging the large di¤erence in log-likelihood values as statistical evidence in favour of the regime switching GARCH model. investors will then sell risky assets such as stocks and buy safer assets such as government bonds which imply negative spillovers from stocks to bonds.
Our results are also consistent with portfolio rebalancing as a channel of transmission.
Rebalancing is undertaken by investors holding both stocks and bonds who want to change the relative weights of the two assets in their portfolios. Suppose that investors wish to change their portfolio weight in bonds because they expect a change in bond returns after acquiring private information about bonds from observing bond market speci…c order ‡ow. Investors will then rebalance their portfolio by buying or selling bonds and doing the opposite trade in stocks thus initiating negative spillover e¤ects from bonds to stocks.
Correspondingly, there will be negative spillover e¤ects from stocks to bonds if stock market speci…c order ‡ow make investors want to change their stock holdings. When ‡ight-to-quality or rebalancing are the channels of transmission, the spillover e¤ects will continue until the new desired holdings in each asset are reached. This implies that spillover e¤ects will have immediate, but not sustained e¤ects on returns.
The sign of the spillover e¤ects if hedging is the channel of transmission depends on the sign of the correlation between stock and bond returns when the hedge was established.
Hedging a long stock position with bonds requires a long position in the bond market if the correlation is negative and a short position if the correlation is positive. Spillover e¤ects in returns due to hedging should thus be positive when the correlation is negative and negative when the correlation is positive. Since the correlation between stock and bond returns has been negative during our sample period and we …nd negative spillover e¤ects we conclude that hedging is not consistent with our results. We do not discuss the possibility of hedging a bond position with stocks as we consider this type of hedging an unlikely scenario. Our results further suggest that spillover e¤ects to volatility are of less signi…cance than spillovers to returns in both markets. In the bond market we …nd signi…cant spillover e¤ects from the stock market to volatility for long term bonds only, and the e¤ect is positive in the high volatility regime. In the stock market we …nd negative spillover e¤ects from long and medium term bonds to volatility in the normal stock market volatility regime. These results do not appear to be related to the channels of transmission considered in this paper.
Our results are consistent with the traditional measure of cross market spillovers as an increase in the level of correlation. Negative spillover e¤ects in periods of high volatility and no or positive e¤ects in periods of normal volatility imply a change in return correlations when moving between these periods. This is documented in Figures 8 to 10 which show the probability of the stock market being in the high volatility regime and the correlation between stock returns and returns on long, medium and short term bonds, respectively. We see from the …gures that the probability of being in the high volatility regime in the stock market coincides with an increase in the negative correlation between stock and bond returns. Our results thus con…rm that the correlation between the stock and bond markets becomes more negative when switching from the normal volatility regime to the high volatility regime in the stock market.
Conclusion
We present a new approach to measure the extent of spillovers between …nancial markets.
Contrary to previous studies on cross market spillovers we do not examine changes in correlations, but quantify the informational spillover e¤ects directly. This is important because an increase in the correlation can re ‡ect both common information and spillover of market speci…c information. We measure spillover e¤ects by using market speci…c order ‡ow as a proxy for market speci…c information. By employing this proxy in a regimeswitching framework we are able to capture di¤erences in spillovers under di¤erent market conditions. The approach is applied to the Norwegian stock and bond markets. We measure spillover e¤ects in returns and volatility in a high volatility regime and a normal volatility regime. There are signi…cant negative spillover e¤ects in returns in periods of high volatility in the stock market. This is consistent with portfolio rebalancing and ‡ight-to-quality as channels of transmission.
These results imply that there will be an increase in the level of negative correlation when moving from the normal volatility regime to the high volatility regime in the stock market. This is also consistent with the traditional measure of cross market spillovers as a signi…cant increase in the absolute level of correlation. Our results thus con…rm that spillovers of market speci…c information could be one source of the time variation in correlation empirically observed between the stock and bond markets.
Our …ndings have implications for asset pricing models since current models ignore any spillover e¤ects between stocks and bonds. The importance of spillover e¤ects during high volatility periods in the stock market may justify the inclusion of such e¤ects, especially in studying …nancial crises. Our approach can be applied to all types of …nancial markets with access to order ‡ow data. The extent of the recent …nancial crisis suggests that spillover e¤ects have a¤ected a number of asset markets and should encourage future applications of our approach.
Appendix

Dynamic Conditional Correlations
To estimate the time varying correlation between the two markets, we employ the dynamic, conditional correlation (DCC) framework of Engle (2002) . The DCC estimator is a multivariate GARCH estimator and a generalization of Bollerslev (1990) constant conditional correlation (CCC) estimator developed mainly to overcome the dimensionality problem embedded in multivariate GARCH models. There is, however, no theoretical justi…cation for assuming constant correlations and empirical evidence …nds no indications of this. Rather, most recent studies …nds the opposite and attempt to explain the determinants of time varying correlations. The DCC is a two step estimator of conditional variances and correlations.
To see how the estimator is set up, consider a vector of returns for our two markets,
0 such that
where c is the unconditional mean vector of r t , D t contains conditional standard deviations on the main diagonal and zeros elsewhere and " t are the innovations standardized by their conditional standard deviations. The conditioning information set is such that
where t 1 represents the information set at time t: Observe that E t 1 (" t " 0 t ) = R t is also the conditional correlation matrix of the standardized innovations. We can thus specify the conditional covariance matrix for the returns vector r t as V ar(r t j t 1 = V ar t 1 (r t ) = E t 1 h (r t c)(r t c)
and since D t is a function of information at t 1 only, we can write the conditional covariance matrix as
The elements of the D t matrix are the conditional standard deviations, where
When it comes to the speci…cations of the conditional variances a GARCH(1,1) structure is often chosen.
Once the univariate GARCH(1,1) models are estimated, the standardized residuals, 
The matrix version of this is simply
which yields two unknown dynamic parameters but 1 2 n (n 1) parameters in the intercept matrix. However, applying simple correlation targeting leaves two remaining unknown parameters. This implies using an estimate of the unconditional correlations between the standardized random variables as follows
Substituting (21) into (20) gives the basic form for the mean reverting DCC model
or
where and are scalars. Q is guaranteed to be a positive de…nite matrix as long as the initial value Q 1 , , , and (1 ) are all positive. This is because each subsequent value Q is simply the sum of positive-de…nite or positive-semide…nite matrices and therefore must be positive de…nite. Notice the parsimony of this speci…cation as only two parameters are being estimated regardless of the size of the system being modeled.
From (23) we can see how the conditional correlations behave. They are given by the o¤-diagonal elements of Q and evolve through time in response to new information on the returns. When returns in the di¤erent markets move in the same direction the correlations will rise above their average level and stay there for while. Gradually, this information will decay and correlations will revert back to their long-run average. Similarly, when returns move in opposite direction, the correlations will temporarily fall below the unconditional level. The parameters and governs the speed of this adjustment process. The higher the value of the more persistent are the correlation dynamics. Note that if = = 0 then Q t is simply R; and the constant conditional correlation model of Bollerslev (1990) would be su¢ cient.
Although the GARCH(1,1) model speci…es a process for the matrix Q that gives a positive-de…nite quasi-correlation matrix for each period, it does not guarantee that Q is a correlation matrix. Its diagonal elements will be one on average but will not be one for every observation. In order to convert the Q processes into proper correlations they must be rescaled. The process is simply
which in matrix form is given as
Again, since Q t is positive de…nite, R t is a correlation matrix with ones on the diagonal and every other element less than one in absolute value.
Estimation of the DCC model can be formulated as a maximum-likelihood problem with the following log-likelihood function
= 0:5
(n log(2 ) + 2 log(jD t j) + log(jR t j) + "
In the likelihood function in (28) there are two components that are free to vary. maximized. This is done by replacing R t with a n n identity matrix, giving the …rst-stage likelihood. Doing this means that the log likelihood is reduced to the sum of the likelihoods of univariate GARCH equations. The second step maximizes the correlation component R t , conditional on the estimated D t from the …rst step. The second step gives the DCC parameters, and .
Table 1 Summary statistics
Panel A reports descriptive statistics, the …rst-order autocorrelation coe¢ -cient, and a test for ARCH e¤ects for daily annualized returns on: Government bonds with 1-year constant duration, r bs ; 3-year constant duration, r bm , 5-year constant duration, r bl ; and stock market returns, r s : Panel B reports descriptive statistics for the daily order ‡ow variables: Stock market order ‡ow, OF S ; short term bond market order ‡ow, OF BS ; medium term bond market order ‡ow, OF BM ; and long term bond market order ‡ow, OF BL : Panel C reports the unconditional correlations between the return and order ‡ow variables. Coe¢ cients and test variables are in bold when signi…cant at the 5 % level or better. 1t 1 p 1t 1 +g 2t 1 (1 p 1t 1 ) i , 
i , g 1t = f (r bl;t jS t = 1), g 2t = f (r bl;t jS t = 2): Table 3 Spillover e¤ects from the stock market to long, medium, and short term bond returns when the stock market is in a high volatility regime (probability P s;t ) and in a normal volatility regime (probability Q s;t ). P-values in parenthesis. Table 4 Bond market spillovers to the stock market (1 p 1t 1 ) i , g 1t = f (r s;t jS t = 1), g 2t = f (r s;t jS t = 2): Figure 5: The …gure shows the probability that the stock market is in a high volatility regime against the probability that the long term bond segment is in a high volatility regime. The dotted line represents the stock market while the solid line represents the long term bond market.
Figure 6: The …gure shows the probability that the stock market is in a high volatility regime against the probability that the medium term bond segment is in a high volatility regime. The dotted line represents the stock market while the solid line represents the medium term bond market. Figure 7: The …gure shows the probability that the stock market is in a high volatility regime against the probability that the short term bond segment is in a high volatility regime. The dotted line represents the stock market while the solid line represents the short term bond market.
Figure 8: The …gure shows the time varying correlation between returns on stocks and long term bonds against the probability that the stock market is in a high volatility regime. The dotted line represents the conditional correlation (DCC) while the solid line represents the probability of the stock market being in the high volatility regime. Figure 9: The …gure shows the time varying correlation between returns on stocks and medium term bonds against the probability that the stock market is in a high volatility regime. The dotted line represents the conditional correlation (DCC) while the solid line represents the probability of the stock market being in the high volatility regime. Figure 10: The …gure shows the time varying correlation between returns on stocks and short term bonds against the probability that the stock market is in a high volatility regime. The dotted line represents the conditional correlation (DCC) while the solid line represents the probability of the stock market being in the high volatility regime. III IV I II IIIIV I II IIIIV I II IIIIV I II IIIIV I II IIIIV I   2000  2001  2002  2003  2004 
